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Background: The three-dimensional organization of the genome is tightly connected to its biological function. The
Hi-C approach was recently introduced as a method that can be used to identify higher-order chromatin interactions
genome-wide. The aim of this study was to determine genome-wide chromatin interaction frequencies using the Hi-C
approach in mouse sperm cells and embryonic fibroblasts.
Results: The obtained data demonstrate that the three-dimensional genome organizations of sperm and fibroblast
cells show a high degree of similarity both with each other and with the previously described mouse embryonic stem
cells. Both A- and B-compartments and topologically associated domains are present in spermatozoa and fibroblasts.
Nevertheless, sperm cells and fibroblasts exhibit statistically significant differences between each other in the contact
probabilities of defined loci. Tight packaging of the sperm genome results in an enrichment of long-range contacts
compared with the fibroblasts. However, only 30% of the differences in the number of contacts are based on
differences in the densities of their genome packages; the main source of the differences is the gain or loss of
contacts that are specific for defined genome regions. We find that the dependence of the contact probability on
genomic distance for sperm is close to the dependence predicted for the fractal globular folding of chromatin.
Conclusions: Overall, we can conclude that the three-dimensional structure of the genome is passed through
generations without being dramatically changed in sperm cells.Background
For a long time, the study of chromosome architectures
was based on fluorescence-based microscopy [1-3]. The
approach allowed researchers to establish that individual
chromosomes are localized in distinct spaces designated
as chromosome territories [4]. Moreover, chromosome
territories in nuclei are localized in a non-random man-
ner with respect to the nuclear periphery [4] and are
able to interact and form gene clusters that loop out of
their chromosome territory [5]. The development of a
technique based on chromosome conformation capture
(3C) [6] and related methods (4C, 5C and Hi-C) [7-10]
significantly extended the possibility of studying the* Correspondence: serov@bionet.nsc.ru
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unless otherwise stated.three-dimensional genome architecture. The Hi-C tech-
nology, as a genome-wide approach, allows the deter-
mination of the contact frequency between any pair of
loci within 10 to 100 nm at the moment of nuclei
fixation [11]. Thus, Hi-C provides ‘a true all-by-all
genome-wide interaction map’ [11] based on the quanti-
tative estimation of proximity-ligation events for mil-
lions of loci in the genome. Importantly, the Hi-C
interaction frequencies are well correlated with the mean
spatial distance separating loci, as measured using inde-
pendent methods such as FISH [12,13], indicating that
the Hi-C data can accurately reproduce the expected
distance.
Genome-wide Hi-C mapping has revealed that inter-
and intrachromosomal interactions are represented by
two compartments, A and B, which have a mean size of
approximately 5 Mb each [10,14,15]. Loci of the A com-
partments interact preferentially with loci of other Al. This is an Open Access article distributed under the terms of the Creative
ommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
iginal work is properly credited. The Creative Commons Public Domain
g/publicdomain/zero/1.0/) applies to the data made available in this article,
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contact with other B compartments. Additionally,
genome-wide Hi-C mapping, in combination with a hid-
den Markov model, revealed that human and mouse
chromosomes are composed of approximately 2,200
topologically associated domains (TADs) that have a me-
dian size of 880 kb and cover over 90% of the genome
[16]. The same conclusion was simultaneously made
based on the 5C analysis of the mouse X-chromosome
inactivation center [17]. It is important to note that the
topological domains are stable across different cells
(mouse embryonic stem (ES) cells and mouse cortex or
human ES cells and human IMR90 fibroblasts) and
highly conserved across species (human and mouse), ‘in-
dicating that topological domains are an inherent prop-
erty of the mammalian genome’ [16].
In mammals, chromatin organization in mature sperm
cells is unique among cell types. The genome of sperm
cells is packaged in a highly condensed configuration.
This packaging enables more than a 10-fold decrease in
nucleus size in spermatozoa relative to the somatic inter-
phase nucleus. This extraordinary compactness results
from the replacement of histones with protamines. Prot-
amines coil sperm DNA into toroids that form an almost
crystalline structure. Only 1 to 15% of mammalian sperm
DNA is bound to histones rather than protamines [18].
Additionally, sperm cells have a haploid, transcriptionally
inactive set of chromosomes [18,19]. It is unknown how
all of the aforementioned features affect the three-
dimensional organization of the sperm genome.
The aim of this study is to compare the three-
dimensional genome architectures of sperm cells and
fibroblasts, as somatic cells, using the Hi-C approach.
The obtained results demonstrate that genome-wide
interaction maps of mouse sperm and fibroblast genomes
show a high degree of similarity both to each other and to
the previously described Hi-C organization of mouse ES
cells. Nevertheless, there are statistically significant differ-
ences in the spatial contacts of some regions.
Results
We created Hi-C libraries from mouse fibroblasts and
mature sperm cells using the tethered conformation cap-
ture (TCC) protocol developed by Kalhor and colleagues
[13]. The TCC method allows one to significantly reduce
the noise obtained using the Hi-C approach, particularly
the noise from interchromosomal interactions. We per-
formed massive parallel sequencing of the Hi-C libraries
at a depth of 150 and 400 million read pairs for fibro-
blasts and sperm, respectively, and filtered the data so
that the reads could be uniquely aligned to the mouse
genome reference sequence.
Figure 1 presents genome-wide and chromosome 19
Hi-C maps for sperm cells and fibroblasts (binned at1 Mb resolution) as heatmaps, where the color indicates
the contact frequency. Both interaction maps display vis-
ibly similar plaid patterns of the regional enrichment or
depletion of long-range interactions. Individual chromo-
somes visually rise above both heatmaps due to the en-
richment of contacts.
A previous study showed that contact heatmaps could
be decomposed into a set of eigenvector tracks. The first
eigenvector (E1) values correlate with different genome
properties such as replication time, GC content and his-
tone marks [15]. We performed eigenvector decomposition
and compared the obtained E1 values for spermatozoa, fi-
broblasts, ES cells and cortex using the Hi-C data pub-
lished by Dixon and colleagues [16] (Figures 1 and 2).
Again, one can note a high degree of similarity between
spermatozoa and fibroblasts (Spearman r = 0.899), as well
as between spermatozoa and ES cells (Spearman r = 0.878)
and between spermatozoa and cortex (Spearman r = 0.901)
(Additional file 1). Similar results were obtained when an-
other measure of dependence for two-variable relation-
ships, maximal information coefficient [20], was used to
measure relationships between E1 values for different
datasets (Additional file 1). Lieberman-Aiden et al. [10]
suggested that the genome could be divided into discrete
A and B compartments that are characterized by positive
and negative E1 values. Further extension of this work
propose a continuous set of domains that are character-
ized by similar E1 values for regions inside a compartment
[15]. Other research also supported this viewpoint [11].
Thus, the similarities of E1 values imply a similar distribu-
tion of A and B compartments in sperm cells and fibro-
blasts, emphasizing conservation of genome organization
(Figures 1 and 2).
In addition to the presence of A and B compartments,
we identified TADs in sperm cells and fibroblasts (Figure 3;
Additional file 2). We found 2,590 domains in fibroblasts
(with an average size of 928 kb and a median of 680 kb;
Additional file 3). The number and size of TADs in fibro-
blasts were similar to those described earlier for mouse ES
cells (2,200 domains with a median of 880 kb). Interest-
ingly, the number of TADs identified in sperm cells was
slightly lower (1,856 domains with an average size of
1,226 kb and a median of 1,000 kb; Additional files 4 and
5). We found that some of the domains identified in fibro-
blasts were ‘merged’ in sperm cells, that is, genomic re-
gions occupied by one domain in sperm cells might be
occupied by several (usually two to four) domains in fibro-
blasts. This could partially explain the fewer chromatin
domains in sperm cells with bigger average size.
The general similarities of long-range interactions in
sperm cell and fibroblast genomes do not exclude dissimi-
larities in any defined regions. Different analyses, such
as the calculation of correlation coefficients, Euclidean
distance and comparisons of eigenvector values, have
Figure 1 Relative Hi-C contact probability maps. Whole-genome (A,D) and chromosome 19 (B,E) maps at a 1 Mb resolution for sperm cells and
fibroblasts. The color of each dot represents the log of the interaction probability for the corresponding genome bins. The graphs under the
heatmaps show E1 values for chromosome 19 in sperm cells and fibroblasts. The two-dimensional contact correlation matrices constructed as in
[10] (C,F) demonstrate the characteristic plaid patterns for both sperm cells and fibroblasts.
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different biological properties; therefore, we decided to use
all of these approaches together. We first compared the
aforementioned characteristics (Pearson and Spearman
correlation, Euclidean distance and eigenvector values) for
individual bins (Figure 4A). We observed a slight decrease
in the Pearson and Spearman correlation coefficients forregions in the middle of chromosome compared with
regions near the chromosome end. This difference was
due to the statistical insignificance of rare long-range in-
teractions captured for individual bins. We enhanced our
comparison method to account for these biases using the
self-correlating dataset of ES cells (see Materials and
methods for details). Using this method, we selected, in
Figure 2 Comparison of the E1 values for sperms cells, fibroblasts, cortex and ES cells. (A-F) Scatter plots of eigenvectors. The E1 values are
highly similar in fibroblasts and sperm cells. The x- and y-axes indicate the E1 values from sperm and fibroblasts (A); sperm and ES cells (ESC)
(B); sperm and cortex (C); fibroblasts and ES cells (D); fibroblasts and cortex (E); ES cells and cortex (F). The line represents the linear trend for
the obtained values.
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separately, and we then focused on the bins that were
present in all sets. We identified seven bins that greatly
differ between fibroblasts and sperm cells (the list ofidentified genomic regions is shown in Additional file 6).
The observed number of bins was more than 10 times
higher than expected (approximately 0.1) by a random se-
lection of bins. The identified regions that are dissimilar
Figure 3 TADs are present in fibroblasts and sperm cells. The TAD signal is shown as a green line (for sperm cells) or a blue line (for fibroblasts)
for a region on chromosome 19. The fragments of the heatmaps for sperm cells and fibroblasts (binned at a resolution of 40 kb) display the
enrichment of contacts inside the TAD domains. The TAD signal shows visible similarity between sperm cells and fibroblasts.
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mosomes 5, 12, 13, and 19 (Additional file 6).
We used another approach based on the identification
of the individual contacts distinguishing sperm cells and
fibroblasts to compare these cells. We considered all
contacts supported by more than one read as mappable.
Approximately 153,000 (approximately 4.37%) of a po-
tential approximately 3.5 × 107 (at a resolution of 1 Mb)
contacts were mappable in sperm and fibroblast ge-
nomes. In addition, we found that of the 153,363 map-
pable interactions for both sperm cells and fibroblasts,
8,947 (5.85%) have significantly different (q-value <0.05)
contact probability. Moreover, of these 8,947 interac-
tions, the probabilities of 6,586 contacts showed more
than a two-fold difference (Figure 4B). Interestingly, the
above-mentioned loci of chromosome 19 show a high
amount of significantly different interactions with other
regions in the genome (Figure 4B).The dependence of the contact probability of genome
loci on the distance between these loci P(s) is inform-
ative for understanding the DNA state [10,15,21]. We
examined the P(s) dependence in sperm cells and fibro-
blasts. For both cell types, we observed a strong decrease
in contact probability with an increase in the distance
between loci, that is, P(s) ~ s-1.07 for spermatozoa and
P(s) ~ s-1.27 for fibroblasts (Figure 5A). The estimated
standard errors of the power coefficients at the 95% sig-
nificance level for both datasets did not exceed 0.01.
Thus, the difference between them is significant. They
also differ significantly from the ideal fractal model value
of −1. However, the packing of the sperm chromosomes
appeared more fractal-like than the that of the fibroblast
one. Interestingly, the contact probability for fibroblasts
was higher, in the range of 104 to 106 bp. This increase
in P(s) values was compensated by a lower contact prob-
ability in a diapason of long-range interactions at 107 to
Figure 4 Identification of regions distinguishing sperm cells and fibroblasts. (A) E1 values, Euclidean distance and Pearson and Spearman
correlation coefficients for chromosome 1 of both sperm cells (green line for E1 values) and fibroblasts (blue line for E1 values). All graphs
indicate high similarities between sperm cells and fibroblasts (that is, similar E1 values, small Euclidean distance and high correlation coefficients).
However, some regions display less similarity than others. (B) The two-dimensional heatmaps for the whole genome and for chromosome 19
(binned at a 1 Mb resolution) indicate the significance of the differences in the contact probability between fibroblasts and sperm cells. Each dot
represents a single contact. Regions in red are not mappable, those in yellow are significantly different, those in cerulean are significantly different
with a difference of more than two times, and those in blue are contacts where no significant difference was found.
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long-range contacts than do fibroblasts. A detailed ana-
lysis showed that the probabilities of contacts in fibro-
blasts were more than those in sperm cells, when
counting regions separated by less than 40 Mb; for loci
separated by 50 to 150 Mb, sperm cells display morethan two times higher contact probabilities compared
with fibroblasts cells (Figure 5B). To better understand
how differences in P(s) affect spatial properties of topo-
logical features of chromosomes in sperm cells com-
pared with fibroblast cells, we performed modeling of
chromatin of these cells. We used BACH [22] to infer
Figure 5 The genome of sperm cells is packed more tightly than that of fibroblasts. (A) The dependence of the contact probability on the
genomic distance P(s) averaged over all chromosomes, compared with P ~ 1/s. The blue line indicates fibroblasts (P ~ s-1.27), and the green line
indicates sperm cells (P ~ s-1.07). (B) The ratio between sperm cells’ and fibroblasts’ contact probabilities at different genomic distances. The x-axis
indicates genomic distance, and the y-axis indicates the ratio of contact probabilities. The black lines show a 1:1 ratio.
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of sperm cells and fibroblasts. In agreement with a lower
amount of long-range interactions in fibroblasts, TADs
of these cells appeared to be more ‘elongated’ than com-
pact TADs of sperm cells (Additional file 7). Consistent
with an increased amount of long-range interactions,
sperm cells display a lower intrachromosomal to inter-
chromosomal contact ratio than fibroblasts (Figure 6A).We observed 25 to 40 times more intrachromosomal
contacts than interchromosomal ones in fibroblasts,
whereas sperm cells showed only a difference of 12 to
20 times more intrachromosomal contacts. Overall,
these data indicate that the genome of spermatozoa is
packed more compactly, such that more distant loci are
brought together and have a high probability of contact
with each other.
Figure 6 Analysis of intrachromosomal contacts in sperm cells and fibroblasts. (A) The ratio between intra- and interchromosomal contact
numbers for sperm cells (green) and fibroblasts (blue). (B,C) The two-dimensional heatmaps show the observed number of interactions between
any pair of chromosomes divided by the expected number of interactions between those chromosomes for sperm cells (B) and fibroblasts
(C). The color of each dot represents the enrichment (red) or depletion (blue) of contacts compared with the expected values. (D) The observed
number of interactions between any pair of chromosomes plotted against the difference in the lengths of those chromosomes. The dotted lined
represents the linear trend for obtained values.
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showed up as compact contact-enriched clusters (Figure 1).
Indeed, more than 90% of the interactions fell into intra-
chromosomal contacts in both sperm and fibroblast cells.
Statistical analyses of rare interchromosomal contacts re-
vealed that chromosomes are distributed non-randomly insperm and fibroblast nuclei (Figure 6B). The whole
chromosome interaction patterns show that the large
chromosomes (for instance, chromosomes 1 to 8 and X)
are more likely to interact with one another and not with
the small chromosomes (chromosomes 14 to 19), while
the shorter chromosomes show a tendency to establish
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interactions between chromosomes was identified in fibro-
blasts (Figure 6C). This observation was further confirmed
by an opposite correlation between probabilities of contacts
between chromosomes and differences in their lengths
(Pearson r =−0.44; Figure 6D). These data are in agreement
with the previously published Hi-C results [13].
The differences between the three-dimensional organi-
zations of sperm cells and fibroblasts can potentially ori-
ginate from two independent sources. First, the denser
packaging of the sperm genome compared with the
fibroblast genome is due to a decrease in the nucleus
size and a denser packaging of DNA with protamines
compared with histones. Second, local rearrangements
of three-dimensional genome structures are due to the
loss or gain of functional connections between different
loci. To estimate the role of the first reason (that is, the
denser packaging of the sperm genome), we developed a
normalization process referred to as the ‘compression’ of
the fibroblast genome to a sperm cell’s parameters. Our
normalization does not change the distribution of con-
tact probabilities for regions separated by the same gen-
omic distance but instead brings all loci closer to each
other. Thus, we normalized the number of fibroblast
contacts between loci separated by a given genomic dis-
tance to achieve the same P(s) distribution for fibroblasts
and sperm cells, but we maintained the contact ratios of
loci separated by the same genomic distance. We compared
the obtained post-‘compression’ fibroblasts (CSp-fibroblasts)
with the sperm cells and found that the number of contacts
that had different probabilities between sperm cells and
fibroblasts decreased from 8,974 to 6,962 after compres-
sion (Additional file 8). Additionally, the number of
contacts with more than a two-fold difference in contact
probabilities decreased from 6,586 to 5,009. As a con-
trol, we performed the compression of fibroblasts to ES
cell parameters, thereby obtaining CESC-fibroblasts. The
number of differences in contact probabilities between
CESC-fibroblasts and sperm cells increased up to 10,848,
with more than 8,776 contacts showing at least a two-fold
difference. However, the CESC-fibroblasts were more simi-
lar to ES cells than original fibroblasts were to ES cells, in-
dicating that compression decreases differences only when
performed in a cell-specific manner. Our data imply that
approximately 25% of the differences in contact probabil-
ities between sperm cells and fibroblasts might originate
from differences in the densities of their genome pack-
aging; however, the main source of differences is the
gain or loss of contacts that are specific to defined gen-
ome regions.
Discussion
The obtained data are the first description of three-
dimensional organization in mouse motile sperm cellsand fibroblasts obtained using Hi-C technology. Though
spermatozoa and fibroblasts are extremely different in a
number of aspects, the spatial organization of DNA in
these cells is similar. Moreover, two types of previously
identified domains, that is, A and B compartments [10,15]
and TADs [16], were present in both sperm and fibroblast
genomes.
The high similarity of E1 values for sperm cell data
produced by TCC and cortex data produced by Hi-C
suggests that this correlation is due to similar folding of
chromosomes in these two contexts, as opposed to po-
tential Hi-C- or TCC-specific biases. Indeed, the correl-
ation between E1 values of sperm cells and cortex data
was even slightly higher than between sperm cells and fi-
broblasts, despite the first being produced using different
methods (Hi-C and TCC) whereas the last were pro-
duced using a similar TCC protocol. This is in agree-
ment with the close similarity (R > 0.95) of Hi-C maps
produced by the ‘classical’ Hi-C method (described in
[10]), a TCC-based method (described in [13]) and a
novel in situ Hi-C method (described in [23]), at least at
a resolution of 100 kb and above, observed in other
studies [13,23].
It is still unknown whether the presence of spatial do-
mains in cells is an indirect result of DNA packaging in
nucleosomes and the transcription process or whether
there are special mechanisms involved in the formation
and maintenance of spatial domains. In sperm cells,
DNA packaging is influenced at a very basic level by the
replacement of histones with different proteins, that is,
protamines; the transcription process is also completely
abolished [18]. However, the high-order chromatin
structure of the cell remains stable. This finding suggests
the presence of special mechanisms involved in the es-
tablishment and maintenance of these structures and
highlights an important role for spatial domains in cell
function.
Despite the remarkable similarity of the three-
dimensional genome organization between sperm cells and
fibroblasts, we aimed to find regions that distinguish these
cell types. We used three independent methods (Pearson
correlation, Euclidean distance and eigenvector compari-
son) to compare the three-dimensional organization of the
genomes of sperm cells and fibroblasts. Some of these
methods (Pearson correlation and eigenvector comparison)
have been used previously [10,15]; we introduced
Euclidean distance as a method for comparing indi-
vidual genomic regions. Though the overlap between
the sets of genomic regions obtained using different
methods was more than 10 times larger than expected
for randomly selected regions, it was still far from 100%.
One explanation for this result could be a difference in
the sensitivities of the methods used to estimate systematic
biases of the Hi-C experiment. Another, more intriguing
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used to compare individual regions reflect different bio-
logical properties of these regions. Additional studies are
required to develop a standardized approach for the com-
parison of several Hi-C datasets.
To explain the differences observed in sperm cells and
fibroblasts, we developed a normalization method ac-
counting for genome compression. Our normalization
shows that genome compression can explain approxi-
mately 30% of the differences between sperm cells and
fibroblasts. The further development of such a model
might allow understanding the changes in the three-
dimensional structure of chromatin from a new point of
view.
The differences described above, that is, in the long-
range contacts in sperm cells and fibroblasts, are most
likely related to the extreme compactness of the sperm
genome. The increased average size of TADs in sperm
cells compared with fibroblasts, as well as the fact that
some domains are ‘merged’ in sperm cells, support this
suggestion. However, one should note that identification
of TADs is a matter of the mathematical algorithm and
parameters used for calling TADs. We employed the
most commonly used algorithm and parameters for
TAD calling to make our data comparable with other re-
ports [16,24-26]. However, this algorithm does not allow
identification of subdomains, that is, alternative sets of
small domains located at defined regions of the genome.
Thus, we cannot exclude that TADs identified in the
fibroblast genome are also present in sperm cells, but
are not fully visible to the TAD calling algorithm due to
the increase in long-range contacts.
Finally, the possible explanation for the aforemen-
tioned differences in TADs could originate from cell
type-specific functional looping. For instance, the gen-
ome of mouse cortex contains 1,519 domains with an
average size of 1.54 Mb and a median of 1.32 Mb, which
is different from ES cells and fibroblasts but even more
close to the parameters observed in sperm cells. Thus,
the functional role of the number and average size of
TADs with respect to particular cell types remains to be
elucidated.
Extreme compactness of the sperm genome might also
be a reason for the increased frequency of interchromo-
somal interactions, resulting in different intrachromoso-
mal to interchromosomal contact ratios in sperm cells
and fibroblasts. In fact, the DNA within the sperm nu-
cleus is packed in a volume that is approximately 5% of
the volume in somatic cells [18]. Here, it is pertinent to
note that the compactness of the sperm genome is com-
parable to that of metaphase chromosomes. Recently,
Naumova et al. [21] reported a homogenous folding
state that is locus-independent and common to all chro-
mosomes at their metaphase status in examined celltypes. Keeping in mind the similarity of the three-
dimensional organization of sperm cells and fibroblasts,
one could suggest that the exceptional compactness of
the sperm genome is not sufficient in itself to change
hierarchical models of chromatin structure [11,15,16].
On the other hand, some of the specific looping iden-
tified in this study can be caused by the difference be-
tween fibroblast and primordial germ cells, which do
not reflect the genome compaction during spermatogen-
esis. Additional studies of primordial germ cells are re-
quired to resolve this possibility.
We found the P(s) distribution in sperm cells is closer
to the fractal-like model of genome organization than in
fibroblasts. The P(s) distributions in spermatozoa and fi-
broblasts were strictly different from those found in mi-
totic chromosomes [21], emphasizing differences in the
mechanisms of genome compression during mitosis and
sperm maturation.
In summary, the remarkable similarities in the three-
dimensional genome organization of spermatozoa and
fibroblasts show the role of male gametes as carriers of
the three-dimensional genome organization through
generations.
Conclusions
Taken together, our findings suggest that genomic spatial
contacts are (largely) consistent across the sperm cells
and spermatozoa with >90% of interactions being seen
in both cell types. However, there are specific dissimilar
regions, that is, on chromosomes 5, 12, 13, and 19.
Spermatozoa have more long-range contacts than fibro-
blasts, which makes sense considering their nuclei are
more compact, and approximately 30% of the differences
in interaction probabilities between the two cell types




All animal protocols were approved by the Ethical
Committee of the Institute of Cytology and Genetics
(protocol number 17.4_17.06.2013).
Preparation of motile sperm cells and mouse embryonic
fibroblasts
Mature mouse spermatozoa were obtained from the epi-
didymis of C57BL mice using the swim-up assay [27].
Briefly, cauda epdidymis was dissected into pieces and
placed into sperm motility medium (135 mM NaCl,
5 mM KCl, 1 mM MgSO4, 2 mM CaCl2, 30 mM Hepes,
pH 7.4; freshly supplemented with 10 mM lactate acid,
1 mM sodium pyruvate, 20 mg/ml bovine serum albumin,
25 mM NaHCO3) for 1 h at 37°C. To avoid contamination
by somatic cells, only the top fractions containing motile
Battulin et al. Genome Biology  (2015) 16:77 Page 11 of 14sperm were collected. The cell suspension was centri-
fuged, and the cell pellets were resuspended in serum free
Dulbecco’s modified Eagle’s medium (DMEM) and proc-
essed for Hi-C library generation as described below.
Mouse embryonic fibroblasts were obtained from 13-
day-old embryos from C57BL mice and cultured in
standard conditions, as described previously [28].
Generation of Hi-C libraries
Hi-C libraries were produced using a TCC protocol [13],
but with some minor modifications. Briefly, 50 million
sperm cells were resuspended in 45 ml serum free DMEM,
and 37% formaldehyde was added to obtain a final con-
centration of 1% for cross-link chromatin. Mouse fi-
broblasts were fixed while they were attached to the
culturing surface in 1% final concentration of formal-
dehyde in the serum-free DMEM. Cells were incubated
at room temperature for 10 minutes; the formaldehyde
was then quenched by adding glycine to obtain a final
concentration of 0.125 M, and the mixture was incu-
bated at room temperature for 5 minutes and subse-
quently on ice for 15 minutes. Mouse fibroblasts were
scraped from the culture plate using disposable cell
scrapers and aliquoted for 25 million cells. Sperm cells
were harvested by centrifugation. After crosslinking,
the sperm and fibroblast samples were processed identi-
cally. Fixed cells were lysed using a Dounce homogenizer
in the presence of cold lysis buffer (10 mM HEPES,
pH 8.0, 10 mM NaCl, 0.2% IGEPAL CA-630, and 1× pro-
tease inhibitor solution).
The chromatin was solubilized with dilute sodium do-
decyl sulfate (SDS) and incubated at 65°C for 10 minutes.
The chromatin was biotin labeled chemically by EZ-
Link-Iodoacetyl-PEG2-biotin (Pierce Protein Research
Products, Rockford, Illinois, USA). DNA in the cross-
linked protein complexes was digested with HindIII endo-
nuclease. Biotinylated digested chromatin was immobi-
lized on MyOne Streptavidin T1 beads (Invitrogen, Grand
Island, New York, USA). The 5′ overhang was filled in by
the Klenow fragment of DNA polymerase I using equimo-
lar amounts of all deoxyribonucleotides, with the substitu-
tion of biotin-14-dCTP for dCTP. The immobilized blunt-
ended DNA fragments were then ligated while they were
tethered to the surface of the beads. The chromatin com-
plexes containing the biotin-labeled ligation products were
degraded by incubation with Proteinase K at 65°C. DNA
was purified by phenol-chloroform extraction. The bio-
tinylated nucleotide was removed from non-ligated DNA
ends using T4 DNA polymerase, as previously described
[29]. The DNA was sheared and size-selected; the frag-
ments that included a ligation junction were then
isolated on streptavidin-coated magnetic beads and
prepared for paired-end sequencing. The libraries were
sequenced on an Illumina Genome Analyzer IIx (GAIIx) machine using the paired-end module and with
50 bp reads on each end.
Generation of heatmaps
Sequencing reads were mapped to the mm9 mouse genome
and filtered using the pipeline developed by Imakaev et al.
[15]. Mirnlib version 0d30147f052f and hiclib version
d28d8d985120 software were obtained from [30]. The pub-
lic datasets SRR443883, SRR443884 and SRR443885
[16] were processed similarly to obtain Hi-C data for
mouse ES cells. Heatmap computation, iterative correc-
tion, eigenvector decomposition and P(s) calculation
were performed using the hiclib software [15]. For each




K , where K is a
number of reads supporting the interaction. The average
error for non-zero intrachromosomal interactions in
sperm cells was 24% at the 1 Mb scale and reached 88%
on a 0.1 Mb scaled heatmap. Therefore, we used the
1 Mb resolution for all subsequent calculations, except
cases where the resolution is specifically indicated. The
two-dimensional contact correlation matrices were con-
structed as in [10].
Identification of regions different between sperm cells
and fibroblasts
We calculated the Euclidean distance, Pearson correlation
and eigenvector differences between individual bins of
sperm and fibroblasts cells.







where E is the Euclidean distance between bin ‘i’ at
chromosome chri, cst is the first bin of chromosome chri,
cend is the last bin of chromosome chri, and Spij and Fibij
are the number of reads supporting contacts between
bins ‘i’ and ‘j’ of sperm cells and fibroblasts. A greater
Euclidean distance indicates a larger difference between
bins.
The Pearson and Spearman correlation coefficients
were calculated for each bin, accounting only for intra-
chromosomal contacts. The signal-to-noise ratio might
vary in a Hi-C experiment, even if the data are itera-
tively corrected. The enrichment of any genomic re-
gion with interactions that have low signal-to-noise
ratios might result in an underestimation of the correl-
ation coefficients for these genomic regions. To handle
this problem, we used the correlation of two random
sub-datasets (‘reference’ datasets) generated from the
ES cells dataset as a marker for regional-dependent
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condition:
Ci < M − SD
where Ci is the Pearson or Spearman correlation coef-
ficient between bin ‘i’ in the ‘reference’ datasets, and M
and SD are the median and standard deviation of the
Pearson correlation coefficient for all bins in the ‘refer-
ence’ datasets. We observed that Ci values for one bin
upstream and downstream of poor regions were also
strongly less than average (Additional file 9). Based on
this observation, we excluded from the analysis all poor
bins as well as one bin both upstream and downstream
of each poor bin. Because the Spearman correlation co-
efficient is rank-based, it is more sensitive to small dif-
ferences in the samples observed at low signal-to-noise
ratios. We therefore used the Pearson correlation coeffi-
cient for the subsequent analysis.
The first eigenvector (E1) values of the sperm and
fibroblast cells were calculated using the hiclib software,
as described previously [15]. We considered each bin to
be a dot, with the X-coordinate equal to the appropriate
E1 value of sperm cells and the Y-coordinate equal to
the appropriate E1 value of fibroblasts. We computed a
linear regression line for the obtained dots using the
least-squares method. We than calculated a distance
from each dot to the regression line and used this dis-
tance as a measure of the difference between the eigen-
vectors of the appropriate bins. A greater distance
indicates a larger difference between bins. Additionally,
a maximal information coefficient was calculated for E1
values for each pair of datasets as described in [20],
using MINE python implementation [31] with default
parameters (alpha = 0.6, c = 15).
We ranked all bins in the sperm cell and fibroblast
datasets using three types of ranks (ranks generated dur-
ing the calculations of Euclidean distance, Pearson cor-
relation and eigenvectors difference). From the 2,308
bins, we selected the 100 highest-ranked bins for each
type of analysis and defined them as candidate bins. This
process resulted in three sets of candidate bins. Some of
the candidate bins might have had high ranks due to
region-specific biases (for example, described in the cal-
culation of Pearson correlation coefficient). To exclude
such regions, we calculated the Euclidean distance and
the difference between the eigenvectors for two ‘refer-
ence’ ES cell datasets (described above in the calculation
of Pearson correlation coefficient), selected the 100
highest-ranked bins for each type of analysis and ex-
cluded them from the candidate bins. Finally, we identi-
fied regions that were present in all three sets’ candidate
bins and defined them as regions that differed between





where NEucl, NP, NE1 are the number of bins remaining
after filtering candidate bins with ranks according to Eu-
clidean distance (NEucl), Pearson correlation (NP) and
eigenvector difference (NE1) and NT is the total number
of bins (2,308).
Identification of differences in individual contact
probabilities in sperm cells and fibroblasts
We used a uniform probability model to describe the
contact frequencies observed in Hi-C experiments [32].
Assuming that the probability of observing any particular
interaction is uniform, the probability of contacts between
bins ‘i’ and ‘j’ (Pi,j) is:
Pi;j ¼ m
M
where m is the number of reads supporting the inter-
action (normalized in the iterative correction) and M is
the total number of reads (normalized in the iterative
correction). Note that when counting reads, we only
considered contacts that were supported by more than
one read (mappable contacts). We used following cri-
teria of normal approximation of binomial distribution:
M × Pi,j × (1 - Pi,j) > 9 [33] and excluded all contacts that
do not satisfy the criteria. We tested the null hypothesis
H0 : P
i;j
Sp ¼ Pi;jFib , where Pi;jSp; Pi;jFib are the probabilities of
contacts between bins ‘i’ and ‘j’ in sperm cells (PSp) and
fibroblasts (PFib). Assuming normal approximation of bi-
nomial distribution, we calculated the P-value for the
null hypothesis as:




















where Norm is the normal distribution. We than cal-
culated q-values by multiplying each P-value by the total
number of hypotheses tested.
Modeling of fibroblast genome ‘compression’
To perform the fibroblast genome ‘compression’, we first




where Spj and Fibj represent the sum of elements of
diagonal j in an iteratively corrected Hi-C matrix for
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cient calculation were estimated in the same way as de-
scribed above (see the ‘Generation of heatmaps’ section).
We then performed a correction by multiplying all con-
tacts at the diagonal j of the fibroblast datasets by the
appropriate coefficient compression coefficients. We did
not apply a correction if the coefficient error was above
5%. Finally, we adjusted all contacts to achieve the same
total sum of elements for both the resulting and original
matrices.
The chromosome interaction patterns were calculated
as described previously [10,13]. Briefly, the observed/ex-
pected contact frequencies for chromosomes ‘i’ and ‘j’
were calculated as:
Sij





where Si and Sj are the sum of interchromosomal con-
tacts of chromosomes ‘i’ and ‘j’, respectively, Sij is the
sum of contacts between chromosomes ‘i’ and ‘j’, and T
is the total sum of all interchromosomal contacts.
Identification of topologically associated domains
To identify TADs, heatmaps were binned at 40 kb reso-
lution, iteratively corrected and analyzed using a previ-
ously developed pipeline [16].
Chromatin modeling
Chromatin modeling was performed using the BACH al-
gorithm [22] with default parameters. The get Annotated
Restriction Sites function from the HiTC package [34]
was used to compute the mappability score for each re-
striction site in the mm9 genome, and Mirnlib was used
to calculate GC percentage and number of restriction
sites for each locus analyzed. Each TAD identified in fi-
broblasts and sperm cells was processed separately. The
resulting posterior mode of the three-dimensional coor-
dinates was used to calculate the HD-ratio of TADs as
described in [22]. The HD-ratio was used as a measure
of TAD compactness, that is, domains with a higher
HD-ratio were assumed to be more elongated and less
compact. The normalized HD-ratio (HD-ratio divided by
the TAD length) was introduced to account for differ-
ences in TAD length as in [22]. Mann–Whitney test was
used to compare the HD-ratio of sperm cells and fibro-
blasts, and P-value <0.001 was considered as a threshold
for statistically significant differences.
Data availability
The sequencing results of Hi-C libraries of sperm cells
and fibroblasts are available in the NCBI Sequence Read
Archive under accession number SUB540202 (SRX553176
for sperm cell data and SRX554530 for fibroblast data).Additional files
Additional file 1: Spearman correlation and maximal information
coefficients between E1 values of sperm cells, fibroblasts, ES cells
and cortex.
Additional file 2: TADs identified in fibroblasts and sperm cells
display similar, but not equal, distribution. The TAD signal is shown
as a green line (for sperm cells) or a blue line (for fibroblasts) for a region
on chromosome 3. In some regions TADs are different (for example, the
most left TAD, region A), in some similar (for example, the most right
TAD, region C) and in some ‘nested’ (for example, TADs in the middle of
the region, region B).
Additional file 3: TADs identified in fibroblasts. Coordinates of TADs
identified in fibroblasts in USCS bed-track format.
Additional file 4: TADs identified in sperm cells. Coordinates of TADs
identified in sperm cells in USCS bed-track format.
Additional file 5: Sperm cell TADs display higher average size.
Box-and-whisker plot showing TAD sizes in fibroblasts and sperm cells.
Additional file 6: Localization of seven regions on a genome map,
as identified by overlapping different datasets of highly dissimilar
regions between sperm cells and fibroblasts.
Additional file 7: TADs of fibroblasts are more ‘elongated’ than
sperm cell TADs. (A,B) Normalized (A) and not normalized (B) HD-ratios
(see Materials and methods for details of HD-ratio calculation) of fibroblasts
and sperm cell TADs are presented as standard errors of the mean. Asterisks
indicate significance of differences.
Additional file 8: Estimation of number of contacts distinguishing
sperm and other cell types. The bar plot shows total number of
interactions in 1 Mb-binned heatmaps (in 1,000-fold scale), number of
‘non-zero’ interactions (that is, all mappable contacts for satisfying criteria
of normal approximation of binomial distribution, see Materials and
methods for details), and number of interactions with different frequencies
(q-value <0.05) obtained when comparing sperm cells, fibroblasts or ES cell
datasets and ‘compressed’ derivations of these datasets.
Additional file 9: Nearest to poor bins regions show strong
decrease in average Pearson correlation of ‘reference’ datasets. The
graph shows average Pearson correlation of ‘reference’ datasets (see
‘Identification of regions different between sperm cells and fibroblasts’
subsection of Materials and methods for definition of ‘reference’ datasets)
plotted against distance from poor bins.
Abbreviations
bp: base pair; DMEM: Dulbecco’s modified Eagle’s medium; ES: embryonic
stem; TAD: topologically associated domain; TCC: tethered conformation
capture..
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
NB and AAK prepared the Hi-C libraries; AMM and EBP performed sequencing of
Hi-C libraries; VSF, MP and DAA analyzed data; OLS, NB and VSF designed experiments
and wrote the manuscript. All authors read and approved the final manuscript.
Acknowledgments
The authors are indebted to Professors Nikolay Kolchanov and Nikolay Rubtsov
from the Institute of Cytology and Genetics (Novosibirsk) for their valuable advice
and comments at the initiation of this study. The study was partially supported by
RFBR grant number 14-04-31367 and Skolkovo Center for Stem Cell Research.
Author details
1Institute of Cytology and Genetics, Novosibirsk 630090, Russia. 2Novosibirsk
State University, Novosibirsk 630090, Russia. 3Center ‘Bioengineering’, Russian
Academy of Sciences, Moscow 117312, Russia. 4National Research Center,
Kurchatov Institute, Moscow 123098, Russia. 5Skoltech Center for Stem Cell
Research, Skolkovo Institute of Science and Technology, Skolkovo 143025,
Moscow, Russia.
Battulin et al. Genome Biology  (2015) 16:77 Page 14 of 14Received: 23 December 2014 Accepted: 23 March 2015References
1. Lanctôt C, Cheutin T, Cremer M, Cavalli G, Cremer T. Dynamic genome
architecture in the nuclear space: regulation of gene expression in three
dimensions. Nat Rev Genet. 2007;8:104–15.
2. Joffe B, Leonhardt H, Solovei I. Differentiation and large scale spatial
organization of the genome. Curr Opin Genet Dev. 2010;20:562–9.
3. Markaki Y, Gunkel M, Schermelleh L, Beichmanis S, Neumann J, Heidemann
M, et al. Functional nuclear organization of transcription and DNA
replication: a topographical marriage between chromatin domains and the
interchromatin compartment. Cold Spring Harb Symp Quant Biol.
2010;75:475–92.
4. Cremer T, Cremer C. Chromosome territories, nuclear architecture and gene
regulation in mammalian cells. Nat Rev Genet. 2001;2:292–301.
5. Sproul D, Gilbert N, Bickmore WA. The role of chromatin structure in
regulating the expression of clustered genes. Nat Rev Genet. 2005;6:775–81.
6. Dekker J, Rippe K, Dekker M, Kleckner N. Capturing chromosome
conformation. Science. 2002;295:1306–11.
7. Zhao Z, Tavoosidana G, Sjölinder M, Göndör A, Mariano P, Wang S, et al.
Circular chromosome conformation capture (4C) uncovers extensive
networks of epigenetically regulated intra- and interchromosomal interactions.
Nat Genet. 2006;38:1341–7.
8. Simonis M, Klous P, Splinter E, Moshkin Y, Willemsen R, de Wit E, et al.
Nuclear organization of active and inactive chromatin domains uncovered
by chromosome conformation capture-on-chip (4C). Nat Genet.
2006;38:1348–54.
9. Dostie J, Richmond TA, Arnaout RA, Selzer RR, Lee WL, Honan TA, et al.
Chromosome Conformation Capture Carbon Copy (5C): a massively parallel
solution for mapping interactions between genomic elements. Genome
Res. 2006;16:1299–309.
10. Lieberman-Aiden E, van Berkum NL, Williams L, Imakaev M, Ragoczy T,
Telling A, et al. Comprehensive mapping of long-range interactions reveals
folding principles of the human genome. Science. 2009;326:289–93.
11. Dekker J, Marti-Renom MA, Mirny LA. Exploring the three-dimensional
organization of genomes: interpreting chromatin interaction data. Nat Rev
Genet. 2013;14:390–403.
12. Eskeland R, Leeb M, Grimes GR, Kress C, Boyle S, Sproul D, et al. Ring1b
compacts chromatin structure and represses gene expression independent
of histone ubiquitination. Mol Cell. 2010;38:452–64.
13. Kalhor R, Tjong H, Jayathilaka N, Alber F, Chen L. Genome architectures
revealed by tethered chromosome conformation capture and population-based
modeling. Nat Biotechnol. 2012;30:90–8.
14. Zhang Y, McCord RP, Ho YJ, Lajoie BR, Hildebrand DG, Simon AC, et al.
Spatial organization of the mouse genome and its role in recurrent
chromosomal translocations. Cell. 2012;148:908–21.
15. Imakaev M, Fudenberg G, McCord RP, Naumova N, Goloborodko A, Lajoie
BR, et al. Iterative correction of Hi-C data reveals hallmarks of chromosome
organization. Nat Methods. 2012;9:999–1003.
16. Dixon JR, Selvaraj S, Yue F, Kim A, Li Y, Shen Y, et al. Topological domains in
mammalian genomes identified by analysis of chromatin interactions.
Nature. 2012;485:376–80.
17. Nora EP, Lajoie BR, Schulz EG, Giorgetti L, Okamoto I, Servant N, et al. Spatial
partitioning of the regulatory landscape of the X-inactivation centre. Nature.
2012;485:381–5.
18. Mudrak O, Zalenskaya I, Zalensky A. Organization of chromosomes during
spermatogenesis and in mature sperm. In: Rousseaux S, Khochbin S, editors.
Epigenetics and human reproduction. Berlin, Heidelberg: Springer; 2011.
p. 261–77.
19. Johnson GD, Lalancette C, Linnemann AK, Leduc F, Boissonneault G,
Krawetz SA. The sperm nucleus: chromatin, RNA, and the nuclear matrix.
Reproduction. 2011;141:21–36.
20. Reshef DN, Reshef YA, Finucane HK, Grossman SR, McVean G, Turnbaugh PJ,
et al. Detecting novel associations in large data sets. Science.
2011;334:1518–24.
21. Naumova N, Imakaev M, Fudenberg G, Zhan Y, Lajoie BR, Mirny LA, et al.
Organization of the mitotic chromosome. Science. 2013;342:948–53.
22. Hu M, Deng K, Qin Z, Dixon J, Selvaraj S, Fang J, et al. Bayesian inference of
spatial organizations of chromosomes. PLoS Comput Biol. 2013;9, e1002893.23. Rao SSP, Huntley MH, Durand NC, Stamenova EK, Bochkov ID, Robinson JT,
et al. A 3D map of the human genome at kilobase resolution reveals
principles of chromatin looping. Cell. 2014;159:1665–80.
24. Symmons O, Uslu VV, Tsujimura T, Ruf S, Nassari S, Schwarzer W, et al.
Functional and topological characteristics of mammalian regulatory
domains. Genome Res. 2014;24:390–400.
25. Trimarchi T, Bilal E, Ntziachristos P, Fabbri G, Dalla-Favera R, Tsirigos A, et al.
Genome-wide mapping and characterization of notch-regulated long
noncoding RNAs in acute leukemia. Cell. 2014;158:593–606.
26. Tark-Dame M, Jerabek H, Manders EMM, Heermann DW, van Driel R.
Depletion of the chromatin looping proteins CTCF and cohesin causes
chromatin compaction: insight into chromatin folding by polymer
modelling. PLoS Comput Biol. 2014;10, e1003877.
27. Brykczynska U, Hisano M, Erkek S, Ramos L, Oakeley EJ, Roloff TC, et al.
Repressive and active histone methylation mark distinct promoters in
human and mouse spermatozoa. Nat Struct Mol Biol. 2010;17:679–87.
28. Kruglova AA, Kizilova EA, Zhelezova AI, Gridina MM, Golubitsa AN, Serov OL.
Embryonic stem cell/fibroblast hybrid cells with near-tetraploid karyotype
provide high yield of chimeras. Cell Tissue Res. 2008;334:371–80.
29. Belton J-M, McCord RP, Gibcus JH, Naumova N, Zhan Y, Dekker J. Hi-C: a
comprehensive technique to capture the conformation of genomes.
Methods. 2012;58:268–76.
30. Hi-C data analysis tools by Leonid Mirny lab. http://mirnylab.bitbucket.org/
hiclib/.
31. MINE tool. http://minepy.sourceforge.net/.
32. Duan Z, Andronescu M, Schutz K, McIlwain S, Kim YJ, Lee C, et al. A
three-dimensional model of the yeast genome. Nature. 2010;465:363–7.
33. Schader M, Schmid F. Two rules of thumb for the approximation of the
binomial distribution by the normal distribution. Am Stat. 1989;43:23–4.
34. Servant N, Lajoie BR, Nora EP, Giorgetti L, Chen CJ, Heard E, et al. HiTC:
Exploration of high-throughput ‘C’ experiments. Bioinformatics.
2012;28:2843–4.Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
